The fusion of medical images is very useful for biomedical research and clinical diagnosis. An image fusion technique for Anatomical and functional medical image using sparse representation in NSST Domain is presented. Firstly, the source images are decomposed by NSST, which are sparsely represented with learned dictionaries. Then, max-ℓ 0 is selected as coefficients of the fused image. Finally, the fused image is reconstructed by performing inverse NSST. Visual and quantitative analysis of experimental results show that the proposed scheme is superior to state-of-art schemes.
INTRODUCTION
Medical image fusion offers an important approach by integrating complimentary features of different imaging modalities to acquire a high-quality image. Different medical imaging modalities reflect different aspects of human body information. Anatomical imaging modalities including computed tomography (CT), magnetic resonance imaging (MRI), and ultrasonography imaging provide morphologic details of the human body. Whereas, functional imaging modalities like single photon emission computed tomography (SPECT) and positron emission computed tomography (PET) provide metabolic information without anatomical context. By the fusion of functional image with an anatomical image is used in oncology for tumor segmentation and localization for radiation therapy treatment planning (Paulino et al., 2003) .
In the past few years, various medical image fusion algorithms have been proposed. These approaches include principal component analysis (PCA) (Li et al., 2016) , discrete wavelet transform (DWT) (Singh and Khare, 2013) , which do not provide better image fusion performance as they are shift variant transforms, and some information would be lost, and blocking artifacts would be introduced in the fused image. Nonsubsampled contourlet transform (NSCT) (Bhatnagar et al., 2013 ) is able to represent the smoothness along the edges or contours properly, and it can effectively suppress pseudo-Gibbs phenomena, but the computation is heavy. Nonsubsampled shearlet transform (NSST) ( Easley et al., 2008) inherits the advantages of shearlet transform and adds the property of shift-invariant, which has high directional sensitivity and having less computational complexity compared to NSCT. Therefore, NSST are suitable for medical image fusion application.
Recently, sparse representation (SR) is a powerful tool to describe image, and achieves lots of state of the art results in various image processing areas. Sparse representation addresses signals natural sparsity, which is consistent with the physiological characteristics of the human visual system. This inspired us to propose a new image fusion methodology based on sparse representation in NSST domain. Firstly, the source images are decomposed into low frequency bands (LFS) and high frequency bands (HFS) in NSST domain, which are then sparsely represented with learned dictionary. Then, max-ℓ 0 is selected as coefficients of the fused image. Finally, inverse NSCT is conducted to obtain the fused image.
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Non-Subsampled Shearlet Transform
The NSST is a multi-scale geometric analysis tool, which has the features of shift-invariance and excellent anisotropic direction selectivity. NSST include multi-scale partition and direction localization. It achieves the decomposition process of the NSST by using the Nonsubsampled Laplacian pyramid filter and shift-invariant shearing filters banks. Nonsubsampled Laplacian pyramid filter ensures the property of shift-invariance and therefore suppresses the pseudo-Gibbs phenomenon in the fused image. Shift-invariant shearing filters banks offer the NSST with more precise directional details information. After transformed by NSST, th (HFS). M
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Finally, F Y-channel followed by the inverse YUV to RGB conversion to get the final fused image F. YUV to RGB space is done by the following inverse operations: (6)
EXPERIMENTS RESULT ANALYSIS
Experimental Settings
To demonstrate the significant performance of the proposed scheme, more elaborate performance comparison analysis was done with brain images in group 1 through 4. The experiments on four pairs of medical images, they can be downloaded from http://www.med.harvard.edu/aanlib/home.html.In the experiments, the proposed method is compared with following fusion algorithms, including image fusion with guided filtering (GFF) (Li et al., 2013) , NSCT-based multimodal medical image fusion using pulse-coupled neural network and modified spatial frequency (NSCT-PCNN-SF) (Das and Kundu, 2012), a general framework for image fusion based on multi-scale transform and sparse representation (MSTSR) (Liu et al., 2015) . Figure 2 shows the fused images by the proposed method and the other three methods. From the fusion results in Fig. 2 (c1)-2(c4) show GFF cannot fuse these types images well; The results of NSCT-PCNN-SF method may decrease the contrast of soft tissue structures, thus make some details blur or invisible especially in Fig. 2 (d3)-2(d4). Any change in the color of fused image compared to functional image is known as spectral distortion and loss of anatomical details is known as spatial distortion. Spectral distortion of functional image in the fused images by MSTSR methods in Fig. 2 (e1)-2(e4). Color changes made in intensity, the component during fusion process affects the spectral content. Comparing the fused images, it is clear that the images fused by our proposed algorithm not only preserves the metabolic activity in the functional scan but also reveals the anatomical structures in the MRI scan, which is useful in diagnoses for doctors. For further comparison except for the visual observation above, the objective performance evaluation is necessary to distinguish different qualities of the fused medical image. Five popular metrics, i.e., mutual information (MI) (Hossny et al., 2008) , standard deviation (SD) ( Liu et al., 2015) , spatial frequency(SF) (Ganasala et al., 2014) . MI indicates the amount of information contained in the fused image about the source images. SD is mainly used to measure the overall contrast of the fused image. SF indicates the overall activity of fused image. In general, the larger the values of MI, SD, and SF indicate better fusion quality. Table 1 summarizes the simulation results of the proposed method and three state-of-the-art methods, where the best result is marked in boldface. It is known from Table 1 that the proposed method produces the best results in all groups. Thus, the proposed algorithm can adjust to anatomical and functional medical image, which is useful for doctors and their diagnoses. 
Results and Analysis
CONCLUSIONS
In this paper, we have presented a new image fusion methodology based on sparse representation (SR) in NSST domain. The multi-scale and multi-directional properties of NSST along with SR are used to preserve more useful information and improve the quality of the fused images. Experimental results clearly demonstrate that the proposed algorithm outperforms the state-of-the-art fusion methods in terms of both the subjective and objective performance valuation.
